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Abstract 
This paper focused on examining the effect of various factors on budget overrun in construction projects undertaken 
using management procurement method in Malaysia. It adopted a quantitative method for data collection using 
structured questionnaire survey amongst contractors, consultant and clients. A total of 118 samples were collected 
against 200 questionnaires that had been distributed nationwide. Gathered data was analyzed with an advanced 
multivariate method of structural equation modeling with PLS approach using SmartPLS software. The major finding 
showed all the constructs in model contributed significantly to budget overrun with R2 value of 0.623. Also, the 
developed model has substantial explaining power with GoF value of 0.62. This indicates that the model was able to 
be generalized in representing the budget overrun factors occurring in construction projects nationwide. By 
identifying these factors, it will help the construction community to take measures in improving the cost performance 
of the projects. 
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1. Introduction 
In achieving successful completion of construction projects in Malaysia, traditional procurement 
method has been replaced with strategic and integrated approaches such as management procurement 
method. This method improves construction performance through a better process (Morledge, Smith, & 
Kashiwagi, 2006) where client appoints contractor as management consultant for managing design and 
construction of a project (Rashid et al., 2006). It allows practicing value-engineering at the early stage 
because of the participation of the contractor at the design stage (Abdullah, 2010). In spite of it, 
construction industry is still facing major challenges in completing the construction projects within the 
estimated budget (Abdullah, 2010; Abdullah, Aziz, & Rahman, 2009; Sambasivan & Soon, 2007) where 
more than 50% of projects faced overrun (Endut, Akintoye, & Kelly, 2009).  Research on budget overrun 
appears to be limited in the Malaysian context and in particular among construction industries (Ibrahim, 
Roy, Ahmed, & Imtiaz, 2010); thus it is important to identify and evaluate the causes of budget 
performance in construction projects. However, this paper aims to identify significant and dominant 
factors which affect the budget overrun faced by construction projects that employed management 
procurement method. 
2. Research method 
This study adopted quantitative mode of research where data collection was carried out through 
structured questionnaire survey amongst the practitioners (i.e. client, consultants and contractors) who 
involved in handling construction projects that employed management procurement method. A total of 
200 questionnaire sets were distributed and 118 of the completed questionnaire sets were collected. Of 
these, majority of the respondents with 50.8% belong to contractor’s organization while 29.7% and 19.5% 
of the respondents were from consultants’ and clients’ organizations respectively. Most of the respondents 
(i.e. 81.4%) had handled large projects and only 18.6% of them were involved in small scale projects. 
These respondents have working experience for more than 15 years in construction. In terms of academic 
ability most of respondents (i.e. 78%) have a minimum of civil engineering degree. The gathered data was 
then analyzed with PLS-SEM approach using SmartPLS v.20 (Ringle, Wende, & Will, 2005) software 
package for simulation and modeling process in determining the significant and dominant factors. 
3. PLS Structural Equation Modeling (PLS-SEM) 
PLS-SEM is a regression based modeling approach which uses a component-based (similar to principal 
components factor analysis) technique in analyzing path models (Vinzi, Trinchera, & Amato, 2010). PLS 
path models comprises of two sets of linear equations: the outer model also referred as measurement 
model and the inner model also referred as structural model. The inner model specifies the relationships 
between unobserved or latent variables, whereas the outer model specifies the relationships between a 
latent variable and its observed or manifest variables (Ringle, Sarstedt, & Mooi, 2010). PLS-SEM 
technique follows a systematic sequential procedure in analyzing and assessing the theoretical model as 
described in Appendix A. 
3.1. Develop Theoretical Model and Data Input  
A complete theoretical model for evaluation is developed based on 35 factors affecting budget 
overrun. Theoretical model defines the causal relationships between the factors of budget overrun to 
assess their effect on cost overrun. This model is drawn in SmartPLS v2.0 software for simulation 
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process. Input data to this model was done through comma delimited (*.csv) file format which contains 
the respondent’s input from the questionnaire survey. Appendix B describes PLS-model together with 
input variables in SmartPLS software where exogenous and endogenous latent variables are presented 
with blue coloured oval shapes and indicators representing manifest/known variable represented by 
yellow coloured rectangles in the path diagram. The figure shows that 35 of the manifest/measured 
variables of budget overrun factors are categorized in 7 exogenous latent variables/groups which are 
assigned as (i) CSM, (ii) DDF, (iii) FIN, (iv) ICT, (v) LAB, (vi) MMF and (vii) PMCA; while there is 
only one endogenous latent variable i.e. budget overrun , where,  
x CSM represents contractor’s site management group which consists of 8 manifest variables (CSM01: 
poor site management and supervision, CSM02: incompetent subcontractors, CSM03: schedule delay, 
CSM04: inadequate planning and scheduling, CSM05: lack of experience, CSM06: inaccurate time 
and cost estimates, CSM07: mistakes during construction, and CSM08: inadequate monitoring and 
control). 
x DDF represents design and documentation group which consists of 5 manifest variables (DDF01: 
frequent design changes, DDF02: mistakes and errors in design, DDF03: incomplete design at the 
time of tender, DDF04: poor design and delays in design, and DDF05: delay in preparation and 
approval of drawings). 
x FIN represent Financial Management group which consists of 6 manifest variables (FIN01: cash flow 
and financial difficulties faced by contractors, FIN02: poor financial control on site, FIN03: financial 
difficulties of owner, FIN04: delay in progress payment by owner, FIN05: delay payment to supplier 
/subcontractor, and FIN06: contractual claims, such as, extension of time with cost claims). 
x ICT represents information and communication group which consists of 3 manifest variables (ICT01: 
lack of coordination between parties, ICT02: slow information flow between parties, and ICT03: lack 
of communication between parties).  
x LAB represents labour group which consists of 5 manifest variables (LAB01: labour productivity, 
LAB02: shortage of site workers, LAB03: shortage of technical personnel (skilled labour), LAB04: 
high cost of labour, and LAB05: severe overtime). 
x MMF represents material and machinery group which consists of 4 manifest variables (MMF01: 
fluctuation of prices of materials, MMF02: shortages of materials, MMF03: late delivery of materials 
and equipment, and MMF04: equipment availability and failure). 
x PMCA represents project management and contract administration group which consists of manifest 
variables (PMCA01: poor project management, PMCA02: change in the scope of the project, 
PMCA03: delays in decisions making, and PMCA04: inaccurate quantity take-off). 
3.2. Evaluation of Outer Model 
Evaluation of the outer model (measurement model) is to examine the reliability and validity of the 
constructs of the model (Hulland, 1999). It determines how well the indicators (specific questions) load 
on the theoretically defined constructs. This can be carried out in two stages as: 
A) Convergent validity of the measures (Hulland, 1999). 
B) Discriminant validity of the research instruments (Gefen, Straub & Boudreau, 2000) 
3.2.1. Convergent validity of constructs 
Convergent validity is the measure of the internal consistency. It is estimated to ensure that the items 
assumed to measure each latent variable measures them and not measuring another latent variable 
(Fornell & Larcker, 1981; Hulland, 1999). Convergent validity of the construct can be determined by 
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calculating individual item reliability, Cronbach's alpha, Composite reliability (CR) and Average 
Variance Extracted (AVE) as suggested by (Aibinu, Ling & Ofori, 2011). 
Individual Item Reliability is the extent to which measurements of the latent variables measured with 
multiple-item scale reflects mostly the true score of the latent variables relative to the error. It is assessed 
by calculating standardized loadings of each variable where items with loadings of less than 0.4 should be 
dropped (Hulland, 1999) while (Chin, 1998) suggested that item with loading lower than 0.5 should be 
dropped. 
Cronbach's Alpha is the coefficient of reliability (or consistency). It measures how well a set of items 
(or variables) measures a single one dimensional latent construct. (Litwin, 1995) suggested that value of 
cronbach alpha should be higher than 0.7.  
Composite Reliability (CR) measure is used to check how well a construct is measured by its assigned 
indicators. However, the interpretation of composite reliability score and Cronbach's Alpha is same. 
(Chin, 1998; Hair, Ringle, & Sarstedt, 2011) suggested 0.7 as a benchmark for ‘modest’ composite 
reliability.  
Average Variance Extracted (AVE) test  is used to assess internal consistency of the construct by 
measuring the amount of variance that a latent variable captures from its measurement items relative to 
the amount of variance due to measurement errors (Fornell & Larcker, 1981). A basic assumption is that 
the average covariance among indicators has to be positive. Barclay, Thompson, and Higgins (1995) and 
Hair et al., (2011) stated that AVE should be higher than 0.5. This means that at least 50% of 
measurement variance is captured by the latent variables. 
3.2.2. Discriminant validity of constructs 
Discriminant validity indicates the extent to which a given construct is different from other constructs 
(Hulland, 1999). It is tested through analysis of average variance extracted by using the criteria that a 
construct should share more variance with its measures than it shares with other constructs in the model 
(Fornell & Larcker, 1981). This is examined by comparing the AVE of construct shared on itself and 
other constructs. For valid discriminant of construct, AVE shared on itself should be higher than variance 
shared with other constructs (Chin, 1998).  
3.3. Evaluation of Inner Model 
Inner model (structural model) evaluation is carried out to assess the relationship between exogenous 
and endogenous latent variables in respect of variance accounted (Hulland, 1999). It also determines the 
explanatory power of the model by evaluating squared multiple correlations (R2) and path co-efficient (β) 
values, where R2 indicates the percentage of a construct’s variance in the model, whilst the path 
coefficients indicate the strengths of relationships between constructs (Chin, 1998). According to (Cohen, 
1988; Cohen, Cohen, West, & Aiken, 2003) R² of endogenous can be assessed as substantial =0.26, 
moderate =0.13 and weak=0.02 while for path co-efficient assessment, β value of all structural paths is 
compared, highest β value indicates that effect of the construct is most significant and lowest value shows 
the lowest effect of construct on endogenous latent variable. 
3.4. Model Representation 
Model representation was aimed to assess the power of developed model to generalize for construction 
industry of Malaysia in representing the effect of budget overrun factors. This was tested by assessing 
Goodness of Fit (GoF) index value. GoF is defined as the geometric mean of the average communality 
and average R2 for all endogenous constructs (Akter, Ambra, & Ray, 2011). It can be used to determine 
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the overall prediction power of the large complex model by accounting for the performance of both 
measurement and structural parameters. According to (Chin, 2010), the intent of GoF is to account for the 
PLS model performance at both the measurement and the structural model with a focus on overall 
prediction performance of the model. 
4. Performance of Model 
Performance of the developed model was assessed with two-step process  as (i) outer model evaluation 
to examine the reliability and validity of the construct, and (ii) inner model evaluation to assess the 
relationship between exogenous and endogenous latent variables (independent latent variables and 
dependent variable) in respect of variance accounted for (Hulland, 1999). 
4.1. Convergent Validity of Outer Model 
Convergent validity assessment and modification of the PLS developed model was carried out 
simultaneously by adopting iterative process. A total of 2 iterations were run for achieving the optimum 
values of parameters as presented in Appendix C. Table in Appendix C shows that 5 constructs have 
achieved satisfactory convergent validity (factor loading, CR, Alpha, AVE values are all above the cut off 
values) in iteration 1. However, the other 2 constructs (FIN and MMF) managed to achieve cut-off values 
for factor loading, CR and Alpha but AVE value is lower that required value of 0.5. Hence, these two 
constructs were modified by omission of the manifest that has the lowest factor loading value from each 
of the construct. The 2nd iteration has improved the convergent validity for all the constructs after 
omitting FIN04 and MMF01 manifest variables. 
4.2. Discriminant Validity of Outer Model 
Discriminant validity of construct was evaluated by assessing correlation matrix generated from 
simulation of the model. The diagonals values of the matrix are replaced with the value of square root of 
the AVE. For adequate discriminant validity, the diagonal values should be greater than the off-diagonal 
values in the corresponding rows and columns (Hulland, 1999). This testifies that the outer model has 
achieved the discriminant validity needed for further analysis. 
4.3. Inner Model Assessment 
Inner model was assessed by examining the R² and path co-efficient (β) values of all the paths.  The R² 
value of endogenous latent variable (budget overrun) of the inner model was found as 0.623 which 
indicates that the all the exogenous latent variables (constructs) are significantly contributing effect to the 
endogenous latent variable. For path co-efficient, β values of each path was found as 0.435 for CSM, 
0.089 for DDF, 0.288 for FIN, 0.026 for ICT, 0.131 for LAB, 0.044 for MMF and 0.407 for PMCA. 
These path co-efficient values of the model show that CSM group has the highest co-efficient value of 
0.425. This means the CSM is the most significant group in causing budget overrun.  
4.4. Model Representation 
Model representation is assessed by calculating GoF index value which is bounded between 0 and 1. 
Because of the descriptive nature of GoF index, there is no inference based criteria to assess its statistical 
significance (Vinzi et al., 2010). GoF for cut-off values were calculated using the guidelines suggested by 
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(Wetzels, Schroder, & Oppen, 2009) and it was found as GoFsmall = 0.10, GoFmedium = 0.25 and GoFlarge = 
0.36. The model GoF value was calculated by using the following equation (Akter et al., 2011): 
RAVEGoF 2u  
62.0623.0615.0  u GoF  
 
 The GoF value of the model is exceeding the large cut-off point. This indicates that the model has 
substantial explaining power in generalizing to represent the budget overrun factors occurring in 
construction projects nationwide. 
5. Conclusion 
This study examined 35 factors that contribute to budget overrun in Malaysian construction industry 
using PLS-SEM approach. These factors are grouped into seven latent variables for modelling in 
SmartPLS software. These factors and variables were used to develop a PLS model of budget overrun. 
The developed model was tested in two stages: the outer model and inner model assessment. It was found 
that the outer model all the manifest in the model is reliable and valid. For inner model, it was found that 
all the constructs contributed significantly to the budget overrun and CSM group of factors is the most 
significant contributor to budget overrun. Finally, it was found that the overall model has high explaining 
power of the ability to generalize the model for nationwide representation.    
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Appendix A. Schematic Diagram of PLS-SEM Analysis  
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Appendix B. Convergent Validity Results 
 
 Iteration 1 Iteration 2 
 Loading AVE CR Alpha Loading AVE CR Alpha 
CSM01 0.841 0.613 0.926 0.911 0.841 0.613 0.926 0.911 
CSM02 0.837    0.837    
CSM03 0.685    0.685    
CSM04 0.819    0.819    
CSM05 0.798    0.798    
CSM06 0.794    0.794    
CSM07 0.731    0.731    
CSM08 0.743    0.743    
DDF01 0.802 0.676 0.913 0.881 0.802 0.676 0.913 0.881 
DDF02 0.822    0.822    
DDF03 0.814    0.814    
DDF04 0.841    0.841    
DDF05 0.831    0.831    
FIN01 0.718 0.467 0.838 0.789 0.719 0.504 0.835 0.758 
FIN02 0.774    0.775    
FIN03 0.758    0.758    
FIN04 0.531    Omitted    
FIN05 0.674    0.674    
FIN06 0.613    0.613    
ICT01 0.887 0.824 0.933 0.893 0.887 0.824 0.933 0.893 
ICT02 0.937    0.937    
ICT03 0.899    0.899    
LAB01 0.827 0.510 0.837 0.755 0.827 0.510 0.837 0.755 
LAB02 0.708    0.708    
LAB03 0.753    0.753    
LAB04 0.558    0.558    
LAB05 0.697    0.697    
MMF01 0.631 0.465 0.774 0.621 0.777 0.632 0.838 0.716 
MMF02 0.679    0.792    
MMF03 0.803    0.816    
MMF04 0.597    Omitted    
PMCA01 0.766 0.544 0.826 0.720 0.766 0.544 0.826 0.720 
PMCA02 0.749    0.749    
PMCA03 0.722    0.722    
PMCA04 0.711       0.711       
 
Appendix C: Discriminant Validity Results 
 
  CSM DDF FIN ICT LAB MMF PMCA 
CSM 0.783*             
DDF 0.612 0.822*           
FIN 0.638 0.536 0.710*         
ICT 0.755 0.524 0.455 0.908*       
LAB 0.603 0.464 0.627 0.501 0.714*     
MMF 0.525 0.426 0.517 0.497 0.533 0.795*   
PMCA 0.714 0.725 0.523 0.703 0.545 0.467 0.737* 
Note: * square root of the AVE 
 
 
